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Abstract 

Purpose: To assess provider task demands, workload, and performance during follow-up on abnormal 
test results in an electronic medical record (EMR) environment. 

Scope:  Our focus was on abnormal mammography and Pap smear results, and the baseline and 
enhanced EHR environment used for the study was Epic®. 

Methods: Providers, randomized to regular/cross-coverage and low/high-volume conditions in the 
baseline/enhanced EMR environments, were assessed using analysis of variance (ANOVA) in order to 
quantify the impact of these conditions on task demands, workload, and performance. 

Results: The high-volume of abnormal test results condition significantly increased task demands 
(p<0.01), providers’ perception of workload (p<0.01), and time to complete the scenarios (p<0.01). We 
found clinical performance to degrade more in the cross-coverage condition (p<0.01), where 
participants needed to track and follow-up on patients with planned diagnostic evaluation. Participants 
also experienced more physiological workload (p=0.04) and took less time (p<0.01) to complete 
scenarios in the cross-coverage condition. The enhanced EMR environment with results tracking 
functionality indicated significant improvements in clinical performance (p=0.03) and physiological 
workload (blink rate: p<0.01). Overall, fatigue levels affected performance, especially for participants 
indicating low or high fatigue levels (p<0.01). 

Research areas:  Patient safety, abnormal test results, workload, performance. 
Scientific disciplines:  Cognitive and Behavioral Sciences; Human Factors. 



1. Purpose
To objective of this study was to assess provider task demands, workload, and performance during 
follow-up on abnormal test results in an electronic medical record (EMR) environment under 
regular/cross-coverage and low/high-volume conditions (specific aim #1) and in a baseline/enhanced 
EMR environments (with specific aim #2).  

2. Scope
There is evidence that cancer screening reduces morbidity and mortality [1-5]. Specifically, screening 
mammography and Papanicolaou (Pap) smears can improve patient outcomes in breast cancer and 
cervical cancer, respectively [1-5]. To achieve the full benefit of cancer screening, appropriate and 
timely follow-up of abnormal results must occur; however, such follow-up is frequently inadequate [6-
10]. Evidence suggests that EHR alerts do not eliminate the problem of incomplete follow-up of 
abnormal test results [11-16]. The problem is rather a multifaceted safety issue that occurs within the 
complex “sociotechnical” system of healthcare, involving complex interactions between providers, 
patients, EMRs, workflows, and organizational factors [17-21]. Our focus was on follow-up of abnormal 
mammography and Pap smear results, and the baseline and enhanced EMR environment used for the 
study was Epic®.  

Invitations to participate in the research study were sent to all residents and fellows in the school of 
medicine at one large academic institution, while clearly stating the need for experience with Epic as 
related to our simulated scenarios. All participants were incentivized to participate with a $100 gift card. 
Final selections were made based on participants’ ability to conduct simulated scenarios (e.g., 
familiarity with Epic and managing relevant abnormal results) and availability to participate in the study 
during designated weeks for data collection.  

All studies were conducted in our laboratory, 300 square feet dedicated room simulation-based 
assessments. The laboratory is divided into 2 sections; researcher station and participant station. The 
research and subject stations are separated via a one-way see through glass and the communication 
to the subject are made using a two-way microphone. Participant station is equipped with a workstation 
that closely emulate real clinical environment. Participant’s workstation is adjustable includes 
configurable computer monitor, keyboard and computer mouse (exactly what the subjects use in the 
real clinic), thus increasing the fidelity of our study. The researcher’s workstation allows recording and 
analyzing the data from the experiments in ‘real-time’.  

3. Methods

3.1 Specific aim #1: Effect of coverage (regular vs. cross) 
and volume (low vs. high) of abnormal test results on 
providers’ experienced task demands, workload, and 
performance 

3.1.1 Study participants 
Total of 15 residents from the school of medicine at one large 
academic institution participated in this study, all with sufficient 
experience with Epic as related to our simulated scenarios 
(see Table 1 for details).  

3.1.2 Data collection  
Participants were randomized to a regular- versus cross-
coverage condition. Each subject had two sessions. In both 
sessions participants were asked to recognize and act upon 
‘abnormal’ test results. In second session, to emulate cross-

Table 1. Composition of participants 
within each experiment.  

Specialty
# of 

Participants

Post 

Graduate  

Year (PGY)

PGY: count

Gender  

F: Female

M: Male

Internal Medicine 8

1:3

2:1

3:3 

4:1

F:4 

M:4

Family Medicine 4

1:1

2:1

3:1

4:1

F:2

M:2

Pediatrics 3
2:1

2:2
F:3

Total 15

1:4

2:3

3:6

4:2

F:7

M:8



 
           

   
    

 

 

  
  

 

  
 

  

 
 

 

 

        

        

       

       

                  
 

   
          

           
            

           
          

 
       

           
   

 
     

        
        
   

 
    

           
         

coverage  condition, in  addition  to  recognition  and  acting  upon  abnormal  test  results,  participants 
needed  to  track and  follow-up  on  patients with  planned  diagnostic evaluation.  The  number of  abnormal  
test  results were  double  in  the  cross- vs.  regular-coverage  condition, while decreasing  the  total  number 
of  normal  results in  order to  keep  the  total  count  of  results per condition  and  session  the  same  (see  
Table  2).  Our total  quantity of  results used  was in  line  with  previous findings that  noted  providers on  
average  managing  approximately 57  abnormal  test  results per interaction  with  EMR [18-20].  Given  that  
residents usually manage  lower number of  patients,  our overall  total  of  35  results was appropriate  for 
the study.   

Table 2. Counts of normal vs. abnormal test results per each study condition.   

Condition Session 
(low vs. high volume) 

# of 
‘normal’ 
results 

# of ‘abnormal’ 
results 

# of patients with 
follow-up needed 
(‘no-show’ patients) 

Total 
results 

# of 
partici-
pants 

Regular-
coverage Low-volume 27 4 0 35 8 

Cross-
coverage Low-volume 27 4 4 35 8 

Regular-
coverage High-volume 19 8 0 35 7 

Cross-
coverage High-volume 19 5^ 8 32 7 

^ 3 results did not appear correctly in our Epic playground environment; thus, eliminated were eliminated from the experiment. 

3.1.2.1 Experienced task demands 
Task demands were quantified using the total number of clicks that participants needed to complete 
each session, and further to provide descriptive statistics we sub-categorized it into: i) navigation clicks 
(e.g., moving from one window to another window on the screen, etc.), ii) decision clicks (e.g., 
accepting/cancelling a test or medication, etc.), iii) search clicks (e.g., initiating the search option for 
medications/orders/etc.), and iv) total clicks (sum of navigation, decision, and search clicks). 

3.1.2.2 Quantification of perceived workload
The NASA-Task Load Index (NASA-TLX), a widely applied and valid tool, was used to measure 
perceived workload [22-26].  

3.1.2.3 Quantification of physiological workload
Physiological workload was quantified using validated measures and methodologies using data 
generated from eye tracking and electroencephalography (EEG) equipment collected throughout the 
simulated sessions. 

3.1.2.3.1 Eye tracking
Pupillary measurements were collected using Tobii X2-60, 60Hz remote eye tracker. The raw data was 
processed based on the validated procedures recommended by experts [27-28]. Three baseline 
procedures were  used  to  calculate  task evoked  pupillary response  (TEPR) during  clinical  scenarios:  (1) 
resting  pupillary measure  calculated  as an  average  pupillary measure  during  standard  blank white  
screen,  (2) average  pupillary measure  calculated  from basic math  multiplication  task involving  10  trials 
of  multiplications of  one-digit  by one- or two-digit  problems (presented  1-digit/second  followed  by 8-
second  calculation  time  and  10-second  response  time  [typing  the  answer in  the  space  provided]),  and  
(3) average  pupillary measure  during  reading  instructions (while  presented  on  the  computer screen).  
TEPR  was then  computed  as the  change  in  pupillary dilations during  clinical  scenario  from the  
baselines.  Blink frequency was computed  by dividing  the  total  number of  blinks during  the  task by the  
task time  [29].  Gaze  speed  was computed  as the  distance  (measured  in  degrees) of  gaze  travelled  



         
    

 
    

           
              

          
         

          
          

           
          

           
          

     
           

        
           

     
 

    
           

           
         
       

          
             

              
 

             
            

            
               

         
          

               
               

  
 

     
          

        
          

        
          

         
     

 
   

 
           

 

between two consecutive samples (data collected at 60 samples per second) divided by the inter-
sample time [30]. 

3.1.2.3.2 EEG 
Data collection was done using the X-10 wireless EEG headset system from Advanced Brain Monitoring 
(ABM). The ABM system including multiple bi-polar sensor sites: Fz, F3, F4, Cz, C3, C4, POz, P3, and 
P4. In general, ABM software filters the EEG signals with a band-pass filter (0.5Hz-65Hz) before the 
analog-to-digital conversion. In order to remove environmental artifacts from the power network, sharp 
notch filters at 50Hz, 60Hz, 100Hz, and 120Hz are applied. The algorithm automatically detects and 
removes a number of artifacts in the time-domain EEG signal, including spikes caused by tapping or 
bumping of the sensors, amplifier saturation, and excursions that occur during the onset or recovery of 
saturations. In addition to the conventional data analysis methodology [difference between power of 
theta (6-7 Hz) at Fz vs. power of alpha signal at Pz (8-10 Hz) [31], the ABM’s algorithm automatically 
calculated the index of cognitive workload using quadratic and linear discriminant function analyses of 
model-selected EEG variables derived from the power spectral analysis of the 1-Hz bins from 1-40Hz 
[32-33], which is different from the conventional analysis. It has been shown that ABM’s workload index 
increases with working memory load, increasing difficulty of cognitive tasks (e.g., arithmetic, problem-
solving), and has been validated in variety of ‘simple’ and ‘complex’ environments including military, 
industrial, and educational simulation environments [34-37]. 

3.1.2.4 Quantification of performance
To standardize our clinical-related performance score, for each participant we summed the counts of i) 
unacknowledged abnormal test results (identified by a failure to order a referral or additional testing), 
and ii) unacknowledged patients with abnormal test results that did not ‘show up’ for their scheduled 
appointments (identified by not following up with the patient), and divided it by the total number of 
abnormal test results presented in the corresponding session. Thus, our performance score 
represented performance degradation and ranged from 0 to 1, with 1 indicating optimal performance. 
We also quantified the total amount of time that participants took to complete each session. 

Fatigue can impact participants’ performance [38-41]. Therefore, we asked each participant to evaluate 
their own state of fatigue right before the experiments using the Crew Status Survey with following 
assessment scale with following prompt: 1. Fully Alert; Wide Awake; Extremely Peppy; 2. Very Lively; 
Responsive, But Not at Peak; 3. Okay; Somewhat Fresh; 4. A Little Tired; Less Than Fresh; 5. 
Moderately Tired; Let Down; 6. Extremely Tired; Very Difficult to Concentrate; 7. Completely 
Exhausted; Unable to Function Effectively; Ready to Drop. The Crew Status Survey has been 
previously tested in the ‘real’ and ‘simulated’ environments; and has been found to be both reliable and 
able to discriminate between fatigue levels [42]. For each session, we also recorded the time of day of 
the experiment. 

3.1.3 Data analysis
Before data analyses, we completed tests for normality and equal variance for all study variables using 
Shapiro-Wilk's and Bartlett test respectively. Results indicated that assumptions were satisfied 
(normality: all p>0.05; equal variance: all p>0.05). To assess provider task demands, perceived and 
physiological workload, fatigue, and performance under regular- vs. cross-coverage condition and 
under low- vs. high-volume conditions, we conducted multivariable analysis of variance, while treating 
participants as a random factor. All our data analyses were conducted using JMP 10 software with 
significance level set at 0.05. 

3.1.4 Results 

Descriptive statistics of task demands, workloads, and performance for each condition are provided in 
Table 3. 



 
    

   
         

           
      

 
    

   
        
          

        
 

              
           

 
 

 
 

     
     

 
 

 
 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 
 

 
 

 
 

 
 
 

 
 
 

 

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 
 

 
 

 
 

 
 
 

 
 
 

 

 
  

 
    

 
 

 
 

 

 

 

 

 

 

 
 

 
  

 
 

 
 

   
     

    
 

 
     

 
 

      

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 

 
 

 
 
 

 
 

 
 

 
 

 

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
 
 

 
  

3.1.4.1 Effect of regular/cross-coverage and low/high-volume conditions on providers’
experienced task demands
Analysis of task demand data indicated that the high-volume of abnormal test results condition 
generated significantly more total clicks when compared to the low-volume of abnormal test results 
condition (F(1,29)=29.95, p<0.01; see Table 3). 

3.1.4.2 Effect of regular/cross-coverage and low/high-volume conditions on providers’
perceived workload (NASA-TLX)
Analysis of NASA-TLX data indicated that the high-volume of abnormal test results generated 
significantly higher perceived workload when compared to the low-volume of abnormal test results 
condition (F(1,29)=14.96, p=<0.01; see Table 3). 

Table 3. Descriptive (mean (sd)) statistics of experienced task demands, perceived and physiological workload, and 
performance measures. Significant results are noted with a † symbol (see notes under the table for details). 

Regular-
coverage 

(low-volume) 

Regular-
coverage 

(high-volume) 

Quantification of Task Demands (clicks), 
Workloads, Fatigue, and Performance 

Cross-
coverage 

(low-volume) 

Cross-
coverage 

(high-volume) 

347 (68) 555 (87) 407 (92) 458 (100) 

174 (55) 282 (62) 238 (72) 253 (73) 

120 (21) 192 (35) 123 (24) 144 (23) 

44 (14) 80 (11) 46 (19) 61 (16) 

43 (14) 57 (11) 48 (16) 61 (13) 

0.02 (0.3) 0.2 (0.3) -0.03 (.2) 0.08 (.4) 

16 (9) 15 (12) 15 (6) 14 (9) 

183 (103) 201 (159) 180 (186) 209 (80) 

0.6 (0.1) 0.5 (0.1) 0.6 (0.1) 0.5 (0.2) 

0.6 (0.3) 0.5 (0.6) 

Task  Demand  

Total  Clicks  (count) †

Navigation  Clicks  (count)  

Decision  Clicks  (count) 

Search Clicks  (count)

Perceived  Workload  

NASA-TLX  (0=low  to  100=high) †

Psychological  Workload   

TEPR  (mm)  

Blink  Rate  (blinks/minute)  

Gaze  Speed  (degrees/min)  

ABM  Metric  (0=low  to  1=high) 

Power  of  Fz  (6-7 Hz)  -  Pz  (8-10 Hz)  (𝜇V ) †

Performance  

Clinical  Performance  

0.8 (0.2) 0.7 (0.6) 

1 (0) 0.9 (0.26) (1=perfect performance) † 0.84 (.17) 0.82 (.16) 
0 1 (counts of missed new abnormal results) 0 1 
0 0 (counts of missed to follow-up on ‘no-shows’) 

Fatigue   

11 15 

3 (0.9) 2.4 (1.7) Fatigue (1=fully alert; 7=completely exhausted) 2.4 (1.0) 2.6 (1.4) 

28:38 (8:24) 47:09 (6:07) Time to Scenario Completion (min:sec) † 26:10 (8:34) 31:23 (4:25) 
†indicates significant results (p<.05). 



    
 

          
       
           
             

            
  

 
    

  
        

          
         

              
         

            
           

          
          

   
 

  
         

         
            

          
        

           
          

 
 

             
          

           
     

 
             

         
         

          
           

          
 

           
            
           

            
        

              
           

3.1.4.3 Effect of regular/cross-coverage and low/high-volume conditions on providers’
physiological workload
Analysis of EEG data indicated the cross-coverage condition, where participants needed to track and 
follow-up on patients with planned diagnostic evaluation, generated significantly higher psychological 
workload when compared to the regular-coverage condition (F(1,25)=3.4, p=0.04; see Table 3; as 
quantified by normalized difference between power of theta (6-7 Hz) at Fz and power of alpha signal at 
Pz (8-10 Hz)). EEG data from two participants were not included in the analysis due to high signal-to-
noise ratio. 

3.1.4.4 Effect of regular/cross-coverage and low/high-volume conditions on providers’
performance
Analysis of clinical performance data indicated that the cross-coverage condition, where participants 
needed to track and follow-up on patients with planned diagnostic evaluation, generated significantly 
more performance degradation when compared to the regular-coverage condition (F(1,29)=9.2, 
p<0.01; see Table 3). Overall, there was a significant effect of fatigue on clinical performance, especially 
for participants indicating low (=1) or high (5 and 6) fatigue levels (F(5,29)=13.54, p<0.01; see Table 3; 
on 6-point Likert scale). For time to complete scenarios, analysis indicated significant longer time to 
complete scenarios in the high-volume of abnormal test results condition when compared to the low-
volume of abnormal test results condition (F(1,29)=11.74, p<0.01; See Table 3); and in the regular-
coverage condition when compared to the cross-coverage condition ((F(1,29)=34.73, p<0.01; see 
Table 3). 

3.1.5 Discussion 
The results indicate that the high-volume of abnormal test results significantly increased task demands 
as quantified by computer mouse clicks, providers’ perception of workload as quantified by the NASA-
TLX, and time to complete the simulated scenarios, but did not affect physiological workload or clinical 
performance. We found clinical performance to degrade more in the cross-coverage condition, where 
participants needed to track and follow-up on patients with planned diagnostic evaluation. Participants 
also experienced more physiological workload and took less time (possibly ‘rushed’ by skipping key 
information retrieval and analysis steps) to complete simulated scenarios in the cross-coverage 
condition. 

The overall rate of failure to appropriately acknowledge abnormal test results was »0.5% (2 out 344 
total failure opportunities; see Table 3 for breakdown by study condition). This result seems to be lower 
than findings from real clinical settings that indicated that providers fail to acknowledge abnormal test 
results in 4% of cases [15]. 

The overall rate of failure to appropriately follow up on patients with ‘no-show’ status was »30% (26 out 
of 88 total failure opportunities; see Table 3 for breakdown by study condition). This rate seems to be 
higher from findings from real clinical settings that indicated that tracking of patient status and timely 
follow-up was lacking in approximately 7.3% of acknowledged and 9.7% unacknowledged alerts; with 
the difference most likely being caused by the time allowed for providers to acknowledge alerted 
abnormal test results (usually 15 days in real clinical settings vs. 1 opportunity in our study) [16]. 

Results also indicate that clinical performance was affected by fatigue, with no fatigue and relatively 
high fatigue levels leading to most clinical performance degradation. Specifically, our data revealed that 
most participants that indicated no fatigue levels came to our laboratory in the morning (before their 
work shifts) and most participants that indicated high levels of fatigue came to our laboratory in the late 
afternoons (after their work shifts). This suggests that being either not ‘activated’ enough (just getting 
started on the job; or rushing to get to work) or mentally ‘tired’ after a long day at work can both 
negatively affect clinical performance. Interestingly, Hysong at colleagues found that 55.5% and 60% 



of providers that managed their alerts first thing in the morning and at the end of the day respectively 
indicated suboptimal performance on timeliness of follow-up on abnormal test results [18].   

Overall, these results suggest that challenges exist in ensuring appropriate follow-up of abnormal test 
results. This underscores the need for longitudinal monitoring and tracking systems within EMRs to 
ensure appropriate tracking and follow-up of abnormal test results, especially under cross-coverage 
conditions. In fact, scholars found that 55.5% of providers believe that the EMR systems do not have 
convenient features for tracking and follow-up on test results; 54.3% do not receive adequate training 
on system functionality; and 85.6% stay after hours or come in on weekends to address notifications 
[43].  Poon et al found the most highly desired features of a test result management system were tools 
to help physicians prioritize their workflows, track test orders to completion, and generate result letters 
to patients [20]. 

3.2 Specific aim #2: Effect of EMR environment (baseline vs. enhanced) and volume (low vs. 
high) of abnormal test results on providers’ experienced task demands, workload, and 
performance 

3.2.1 Study participants 
Total of 38 residents from the school of medicine at one large 
academic institution participated in this study, all with sufficient 
experience with Epic as related to our simulated scenarios (see 
Table 4 for details).  

3.2.2 Data Collection 
Each subject had two simulated sessions. The first session was 
conducted in the baseline EMR environment to allow participants 
to familiarize themselves with our experimental conditions (e.g., 
laboratory environment, Epic playground) and practice the 
simulated scenarios. The second session was treated as the 
assessment session, where participants were randomized to 
baseline (EMR without longitudinal monitoring and tracking) vs. 
enhanced EMR environment (with longitudinal monitoring and 
tracking), and low versus high volume of abnormal test results. 
In both sessions participants were asked to recognize and act 
upon abnormal test results. In assessment session, to emulate 
cross-coverage condition, in addition to recognition and acting 
upon abnormal test results, participants needed to track and 
follow-up on patients with planned diagnostic evaluation. The 
number of abnormal test results were double in the high versus low volume condition, while decreasing 
the total number of normal results in order to keep the total count of results per condition and session 
the same (see Table 2 for details). 

3.2.2.1 Experienced task demands: Same as 3.1.2.1 

3.2.2.2 Quantification of perceived workload: Same as 3.1.2.2 

3.2.2.3 Quantification of physiological workload: Same as 3.1.2.3. 

3.2.2.3.1 Eye tracking: Same as 3.1.2.3.1 

3.2.2.3.2 EEG: Same as 3.1.2.3.2 

3.2.2.4 Quantification of performance: Same as 3.1.2.4 

Table 4. Composition of participants 
within each experiment.

Specialty
# of 

Participants

Post 

Graduate  

Year (PGY)

PGY: count

Gender  

F: female;

M: Male

Internal Medicine 14

1:4

2:2

3:5 

4:3

F:9 

M:5

Family Medicine 4

1:1

2:1

3:1

4:1

F:2

M:2

Pediatrics 9

1:3

2:2

3:4

4:0

F:7

M:2

Surgery (general, 

neuro, ortho, head

& neck)

5

1:1

2:2

3:0

4:1

5:1

F:3

M:2

Other (cardiology, 

psychiatry, critical 

care, ob/gyn)

6

1:1

2:1

3:1

4:2

5:1

F:3

M:3

Total 38

1:10

2:08

3:11

4:06

5:03

F:24

M:14



   3.2.3 Data analysis:          
       

           
          

         
          

      
 

   
 

           
 

 
             

           
 
 

 
 

     
    

  
 

 
 

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 
 

 
 
 
 

 
 

 
 

 
 
 

 

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 
 

 
 
 
 

 
 
 
 

 
 
 

 

  
 

    
 

       
 

   
 

  
 
  
 

    
 

   
 
  
 

   
 

   
 

     
 

         
 

 
  

 
  
   

     
    

 
  

 
  

    
 

 
      

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 
 

 
 
 
 

 
 
 
 

 
 
 

 

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 
 

 
 
 
 

 
 
 
 

 
 
 

 
  

Before data analyses, we completed tests for normality and equal variance for all 
study variables using Shapiro-Wilk's and Bartlett test respectively. Results indicated that assumptions 
were satisfied (normality: all p>0.05; equal variance: all p>0.05). To assess provider task demands, 
perceived and physiological workload, fatigue, and performance in baseline- vs. enhanced-EMR 
environment and under low- vs. high-volume conditions, multivariable analysis of variance, while 
treating participants as a random factor. All our data analyses were conducted using JMP 13 software 
with significance level set at 0.05. 

3.2.4 Results 

Descriptive statistics of task demands, workloads, and performance for each condition are provided in 
Table 5. 

Table 5. Descriptive (mean (sd)) statistics of experienced task demands, perceived and physiological workload, and 
performance measures. Significant results are noted with a † symbol (see notes under the table for details). 

Current-EMR 
(Low-volume) 

Current-EMR 
(High-volume) 

Quantification of Task Demands (clicks), 
Workloads, Fatigue, and Performance 

Enhanced -EMR 
(Low-volume) 

Enhanced-EMR 
(High-volume) 

Task Demand 

390.8 (91.8) 496.0 (110.7) Total Clicks (count) † 396.8 (83.2) 479.5 (118.5) 

223.4 (73.4) 276 (76.9) Navigation Clicks (count) 239.7 (75.2) 286.3 (78.1) 

120.8 (22.7) 155.9 (29.5) Decision Clicks (count) 106 (25.6) 124 (47.8) 

46.6 (17.2) 63.9 (14.9) Search Clicks (count) 

Perceived Workload 

51 (18.9) 69 (24.8) 

48.1 (15.5) 58.8 (13.7) NASA-TLX (0=low to 100=high) 

Psychological Workload 

49.3 (18.3) 49.3 (13.7) 

0.04 (0.2) 0.1 (0.3) TEPR (mm) 0.02 (0.2) -0.03 (0.2) 

15.1 (9.6) 17.4 (7.5) Blink Rate (blinks/minute) 24.7 (10.4) 22.6 (6.1) 

216 (114.6) 192 (113.3) Gaze Speed (degrees/min) 170 (34.7) 157 (32.7) 

0.5 (0.1) 0.6 (0.1) ABM Metric (0=low to 1=high) 0.6 (0.1) 0.6 (0.1) 

0.7 (0.2) 0.8 (0.5) Power of Fz (6-7 Hz) - Pz (8-10 Hz) (𝜇V ) 

Performance 

0.6 (0.9) 0.8 (0.8) 

0.6 (0.4) 0.8 (0.2) Clinical Performance 
(1=perfect performance) † 

1.0 (0.08) 0.8 (0.2) 

2 6 (counts of missed new abnormal results) 0 1 
15 17 (counts of missed to follow-up on ‘no-shows’) 

Fatigue 

Fatigue 

2 4 

2.7 (1.5) 2.7 (1.5) (1=fully Alert; 7=completely exhausted) † 3.0 (1) 2.5 (0.9) 

26:12 (7:48) 37:18 (10:24) Time to Scenario Completion (min:sec) † 28:54 (6:12) 34:12 (12.06) 
†indicates significant results (p<.01). 



 
     

   
         
           
      

 
      

   
      

 
    

 
       

          
          

  
 

     
  

          
            

          
              

         
          

           
 

 
         

            
            

        
   

 
             

           
             

   
 

             
           

           
         

 
           

       
 

            
             

        
          

3.2.4.1 Effect of baseline/enhanced-EMR and low/high-volume conditions on providers’
experienced task demands
Analysis of task demand data indicated that the high-volume of abnormal test results generated 
significantly more total clicks when compared to the low-volume of abnormal test results condition 
(F(1,35)= 8, p<0.01; see Table 5). 

3.1.4.2 Effect of baseline/enhanced-EMR and low/high-volume conditions on providers’
perceived workload (NASA-TLX)
Analysis of NASA-TLX scores indicated no significant differences (p>0.05). 

3.1.4.3 Effect of baseline/enhanced-EMR and low/high-volume conditions on providers’
physiological workload
Analysis of eye-based measures indicated that blink rate was significantly less in the baseline-EMR 
environment (F(1,36)=7, p=.01; see Table 5), suggesting that mental effort was higher in the baseline-
EMR environment compared to the enhanced-EMR environment. Analysis of EEG data indicated no 
significant differences (p>0.05). 

3.1.4.4 Effect of baseline/enhanced-EMR and low/high-volume conditions on providers’
performance
Analysis of clinical performance indicated a significant improvement in performance in the enhanced-
EMR environment when compared to the baseline-EMR environment (F(1,34)=5, p=.03; see Table 5). 
Overall, there was a significant effect of fatigue on clinical performance, especially for participants 
indicating low (=1) or high (5 and 6) fatigue levels (F(5,38)=4.4, p<0.01; see Table 5; 6-point Likert 
scale). For time to complete scenarios, analysis indicated that participants took significant longer time 
to complete scenarios in the high-volume of abnormal test results condition when compared to the low-
volume of abnormal test result condition (F(1,35)=7, p<0.01; see Table 5). 

3.2.5 Discussion 
The results indicate that the high-volume of abnormal test results significantly increased task demands 
as quantified by computer mouse clicks, and time to complete the simulated scenarios, but did not 
affect perceived or physiological workload and clinical performance. We found clinical performance to 
improve in enhanced-EMR environment, with longitudinal monitoring and tracking functionality for 
patients with planned diagnostic evaluation. 

The overall rate of failure to appropriately acknowledge abnormal test results was »2.2% (9 out 399 
total failure opportunities; see Table 5 for breakdown by study condition) with 1 occurring in the 
enhanced EMR-environment (0.5% vs. 3.8% in the baseline-EMR environment vs. 4% from the real 
clinical settings [15]). 

The overall rate of failure to appropriately follow up on patients with a no-show status was »16% (38 
out of 228 total failure opportunities; see Table 3 for breakdown by study condition), with 6 occurring in 
the enhanced EMR-environment (5.5% vs. 26.6% in the baseline-EMR environment; vs. 7.3% of 
acknowledged and 9.7% unacknowledged alerts from real clinical settings [16]). 

Results indicate that clinical performance was affected by fatigue, with no fatigue and relatively high 
fatigue levels leading to most clinical performance degradation. 

Overall, these results suggest that longitudinal monitoring and tracking of abnormal test results and 
patient status can help ensuring appropriate follow-up of abnormal test results. At the same time, this 
study illustrates that such functionality alone does not eliminate all the challenges with acknowledgment 
and follow-up of abnormal test results. Additional research is needed to quantify effects of innovative 



          
           

              
            

           
 

           
           
          

             
          

         
      

           
           

         
      
  

 
  

             
           

            
             

          
            

        
               

            
            

           
       
            

         
         

        
        

           
          

            
         

           
            

   
 

 
               

   
          

    
            

        

functionality and usability features for ensuring appropriate acknowledgment and follow-up of abnormal 
test results. There are also opportunities for improvement in policies and procedures, education and 
training, and audit and performance systems, though these alone are less likely to be effective in 
addressing the identified challenges, yet might provide the necessary synergy to help protect abnormal 
test results from ‘falling through the cracks’ and resulting in patient harm. 

While the next generations of EMR systems are being designed there are ample opportunities for this 
improvement. We propose several potential interventions based on our findings that can be used 
immediately to improve proper acknowledgment and timely follow-up of abnormal test results. First, 
there is a need to properly design features of the EMR to focus providers attention on i) abnormal test 
results, and ii) patients’ status (e.g., no-show status), both with enough detail to facilitate (or not 
facilitate) appropriate follow-up communication. Second, every institution could develop and publicize 
policies and guidelines regarding work demands (e.g., number of patients/results for review per day, 
per interaction, per time of the day, per cross-coverage) to ensure appropriate levels of workload and 
performance, while minimizing negative effects of fatigue on performance. Third, while often less 
effective, innovative education/training requirements (e.g., simulation based training vs. traditional 
training) and performance feedback systems for providers on EMRs could be organized and 
implemented [47-50]). 

4. Limitations
There are several limitations to both studies, and thus caution should be exercised in generalizing our 
findings. First, the results are based on one experiment with relatively small number of participants from 
one teaching hospital, performed on set of scenarios. Larger studies, while controlling for levels of 
fatigue, PGY, specialty, training levels could allow for more accurate regression of such factors on the 
variables of interest (e.g., task demands, workloads, performance). Second, the time between 
simulated sessions varied from 1 to 3 weeks, which could have unexpectedly bias the study due to 
some carryover effects between sessions (e.g., learning effect, perceptions of workload). In addition, 
the day and time of the day to conduct assessments varied, which could have also affected the results. 
While difficult, future studies could try to control for the amount of time between sessions as well as 
day and time of the day for assessments. Third, performing the scenarios in the simulated environment, 
where the subjects knew that their work was going to be assessed, may have affected participants’ 
performance (e.g., more/less attentiveness and vigilance as perceived by being assessed or by 
possibility of real harm to the patient). Fourth, reporting workload via NASA-TLX is subjective and can 
be challenging for some participants. Future studies could explore using other instruments for workload 
quantification. Fifth, our quantification methods of physiological workload, while validated and broadly 
used, may not fully considered potential confounding factors streaming from cognitive information 
processing during providers interactions with EMRs, or general cognitive states (e.g., participants’ 
arousal, anxiety, and stress [30-32,  51]). Thus, further research to develop and assess the utility of 
physiological measures of mental workload during providers’ interactions with EHR is needed. Finally, 
since our laboratory setting was only a simulation of a real clinical environment; some behaviors of the 
studied scenarios were not easily emulated (e.g., looking up additional information about the patient in 
alternative software; calling a nurse with a question about particular patient; consultations regarding 
the use of Epic). Thus, all subjects were informed about the limitations of our laboratory environment 
before the experiments. 
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6. List of Publications

We reported preliminary results in: 

Mazur LM, Mosaly P, Falchook A, Eblan M, Hoyle, L, Moore C, Elnahal S, Herman J, Chera B, 
Marks LB. Towards a Better Understanding of Workload and Performance during Physician-
Computer Interactions. Journal of American Medical Informatics Association. 23(6):1113-1120, 
2016. doi.org/10.1093/jamia/ocw016 

Summary: Two experiments were performed in two different electronic medical record (EMR) 
environments. Each provider (n=29) was instructed to complete set of pre-specified tasks on three routine 
clinical EMR-based scenarios. Task demands were quantified using behavioral responses (e.g., 
computer mouse clicks). Performance was quantified based on the maximum severity of omission errors. 
In both experiments the regression analysis indicated a significant relationship between task demands 
and performance (p<0.01). 

Mosaly P, Mazur LM, Fei Y, Guo H, Merck D, Moore C, Marks L, Mostafa J. Relating Task 
Demand, Mental Effort and Task Difficulty with Physicians’ Performance during Interactions 
with Electronic Health Records (EHRs). International Journal of Human-Computer Interaction. 
Accepted (June 29th, 2017). 

Summary: Providers (n=17) performed 3 EMR-based scenarios with varying task demands. Mental 
workload was measured using eye tracking methods via task evoked pupillary responses (TEPR), blink 
frequency and gaze speed; task difficulty (or user behavior) was measured using frequent mouse click 
patterns and task flow; user performance was quantified using omission errors. Mental workload (blink 
rate) and task difficulty (click patterns) predicted performance (p<0.01). 

Mosaly P, Mazur LM, Marks L. Quantification of Baseline Pupillary Response and Task-
Evoked Pupillary Response During Constant and Incremental Task Load. Ergonomics. 
60(10):1369-1375, 2017. doi.org/10.1080/00140139.2017.1288930 (methodological 
contribution). 

Summary: The methods employed to quantify the baseline pupil size and task-evoked pupillary 
response(TEPR) may affect the overall study results. To test this hypothesis, the objective of this study 
was to assess variability in baseline pupil size and TEPR during two basic working memory tasks: 



           
             

         
             

           
             

         
       

 
             
         
       

  
 

             
            

         
           

     
     

      
             

        
         

            
       

            
       

  
 

           
        

          
      

 
           

             
               

           
    

           
          

           
             

        
          

      
  

 
 

            
            

            
  

 

constant load of 3-letters memorisation-recall (10 trials), and incremental load memorisation-recall (two 
trials of each load level), using two commonly used methods (1) change from trail/load specific baseline, 
(2) change from constant baseline. Results indicated that there was a significant shift in baseline between 
the trails for constant load, and between the load levels for incremental load. The TEPR was independent 
of shifts in baseline using method 1 only for constant load, and method 2 only for higher levels of 
incremental load condition. These important findings suggest that the assessment of both the baseline 
and methods to quantify TEPR are critical in ergonomics application, especially in studies with small 
number of trials per subject per condition. 

Mazur LM, Mosaly P, Moore C, Marks LB. Effect of Coverage and Volume of Abnormal Test 
Results on Providers’ Experienced Task Demands, Workload, and Performance: Results of a 
Prospective Randomized Trial. To be submitted to Applied Ergonomics (summarizes our work 
from specific aim #1). 

Summary: Providers (n=15) were randomized to regular- vs. cross-coverage condition and low- vs. high-
volume of abnormal test results in EMR environment requiring their attention. Task demands were 
quantified using computer mouse clicks. Perceived workload was quantified using the NASA-Task Load 
Index (NASA-TLX). Physiological workload was quantified using validated measures and methodologies 
using data generated from eye tracking and electroencephalography (EEG) equipment collected 
throughout the simulated sessions. Clinical performance was quantified based on 
acknowledgment/management of patients with abnormal test results. We also measured performance 
via time-to-session completion. We also quantified participants’ fatigue in order to assess its impact on 
performance. The high-volume of abnormal test results significantly increased task demands (p<0.01), 
providers’ perception of workload (p<0.01), and time to complete the simulated scenarios (p<0.01). We 
found clinical performance to degrade more in the cross-coverage condition (p<0.01), where participants 
needed to track and follow-up on patients with planned diagnostic evaluation, especially for participants 
indicating low or high fatigue levels (p<0.01). Participants also experienced more physiological workload 
(EEG: p=0.04) and took less time (p<0.01) to complete simulated scenarios in the cross-coverage 
condition. 

Mazur LM, Mosaly P, Moore C, Marks LB. Effect of Longitudinal Monitoring and Tracking of 
Abnormal Test Results on Providers’ Experienced Task Demands, Workload, and 
Performance: Results of a Prospective Randomized Trial. To be submitted to the Journal of 
American Medical Informatics Association (JAMIA). 

Summary: Providers (n=38) were randomized to low- vs. high-volume of abnormal test results in the 
baseline- vs. enhanced EMR with longitudinal monitoring and tracking of abnormal test results and asked 
to review and act upon patients’ test results. Task demands were quantified using computer mouse clicks. 
Perceived workload was quantified using the NASA-Task Load Index (NASA-TLX). Physiological 
workload was quantified using validated eye tracking and electroencephalography (EEG) methods. 
Clinical performance was quantified based on acknowledgment/management of patients with abnormal 
test results. We also measured performance via time-to-session completion. We also quantified 
participants’ fatigue in order to assess its impact on performance. The high-volume of abnormal test 
results significantly increased total clicks (p<0.01) and time to scenario complete (p<0.01). The enhanced 
EMR environment indicated significantly improvements in clinical performance (p=0.03), and 
physiological workflow (blink rate: p<0.01). Overall, fatigue levels affected performance, especially for 
participants indicating low or high fatigue levels (p<0.01). 

7. List of Products

Based on our findings, we proposed following recommendations aimed at decreasing providers’ 
burden due to current health IT usability issues. These recommendations were submitted per request 
of Steve Bernstein (Project Officer, AHRQ, CEPI, Division of Health IT) to HHS Office of National 
Coordinator (ONC). 



          
         

         
        

            
       

 
            

                
              

         
 

          
            
         
          

 
          

         
       

        
         

         
         

      
         

          
         

        
 

         
          
         

    
 

       
         

      
 
 

•	 Recommendations #1. Health IT interaction-related data (e.g., task demands, workload)
should be used as quality/safety metric that is likely representative of providers’ performance,
and perhaps patient outcomes. This could be operationalized using automated technology (e.g.,
tracking clicks, click patterns, time-to-task-completion, statistics related to EMR interactions) in
the health IT applications. This data should be used to spearhead improvement efforts related
to usability, workflows, and policies.

•	 Recommendation #2: All health IT vendors, in collaboration with other research groups, should
be required to conduct studies toward the use of health IT as part of a learning health care
system. Products of this research should be used to inform the design, testing, and use of health
IT within the sociotechnical system. Specific areas of research could include:

o  User-centered design, contextual design, and human factors applied to health IT.
o  Safe implementation, use, and continuous improvement of health IT by all users.
o  Performance of sociotechnical systems associated with health IT.
o	 Impact of policy decisions on health IT use in clinical practice.

•	 Recommendation #3: Innovative trainings (e.g., simulation-based training vs. traditional EMR
trainings) programs for providers’ interactions with health IT should be supported and
encouraged by the HHS Office of National Coordinator (ONC), nationally recognized
societies/associations and implemented via commercial health IT vendors as part of their
education/training package. For example, on the local scale, simulation-based training programs
could become part of the education curriculums for residents and students. For example,
simulation-based training could be done in naturalistic (e.g., real clinic) settings with residents
and students as targeted trainees, and clinical supervisors as mentors/coaches providing
evaluations and constructive feedback with ‘no blame’ mindset on ‘fake’ plans with purposefully
embedded errors into health IT. Such training could enhance providers’ performance. This could
also help providers to acquire new skills and knowledge to proactively maintain their
preoccupation with patient safety during interactions with health IT.

•	 Recommendation #4: There is a need for funding support for further methodological and
empirical research to advance our theoretical and practical understanding of the relationships
between task demands, task difficulty, mental workload, and performance during providers’
interactions with health IT.

Project-Generated Resources: We have developed testable ‘fake’ patients for Epic playground 
environment. This allows other researchers to replicate our study. We have uploaded these files to 
AHRQ Research Reporting System under “Attachments”. 
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